Recent results from the analysis of peak floods observed in nested watersheds have revealed the existence of a scale invariant relationship between peak floods and drainage area at the scale of a single rainfall-runoff event. The relationship follows the power law E[Q e | A] = α(e)A θ(e) where E[Q e | A] is the expected value of peak flood at a given drainage area A, α(e) is the intercept, and θ(e) is the exponent for a given rainfall-runoff event 'e'. These results also revealed that α(e) and θ(e) change from one rainfall-runoff event to another. In this article, we show that a log-linear relationship between α(e) and θ(e) can be used to simplify the problem of predicting α(e) and θ(e) from the physical characteristics of the catchment and rainfall. In particular, we show that α(e) can be predicted from peak floods observed in the smallest gauged subcatchment in the basin and its log-linear relationship with θ(e) can be used to predict peak flood at any location in the basin. We demonstrate this using observed peak floods from the Iowa River basin in the Upper Midwest part of United States.
Introduction
Foundational analyses of peak flood data from rainfallrunoff events from nested watersheds have been driving the formulation of a nonlinear geophysical theory of floods over the past couple of decades (Gupta et al., 1996 (Gupta et al., , 2010 (Gupta et al., , 2015 Bloschl and Sivapalan, 1997; Robinson and Sivapalan, 1997; Gupta and Waymire, 1998; Ogden and Dawdy, 2003; Gupta, 2004; Dawdy et al., 2012) . The main hypothesis of the theory is that, at the scale of a single rainfall-runoff event, the solution of the momentum and mass conservation equations over the self-similar drainage network leads to a scale invariant spatial organisation of peak floods that is described by a power law relation as,
where Q e is the peak flood (m 3 /s) corresponding to the rainfall-runoff event 'e', A is upstream drainage area (km 2 ), α(e) is the intercept (m 3 /s), and θ(e) is the exponent. This hypothesis is validated through a host of empirical-based studies (Merz and Bloschl, 2003; Ogden and Dawdy, 2003; Furey and Gupta, 2005; Gupta et al., 2010; Ayalew et al., 2015) and numerical rainfall-runoff simulations in synthetic and natural river basins (e.g. Gupta et al., 1996 Gupta et al., , 2007 Gupta and Waymire, 1998; Mantilla et al., 2006 Mantilla et al., , 2011 Furey and Gupta, 2007; Mandapaka et al., 2009; Ayalew et al., 2014a, b) .
Recent studies have been geared towards describing the variability of the intercept α(e) and exponent θ(e) in terms of the physical characteristics of the catchment and rainfall that vary from one event to another, contributing towards solving the problem of predictions in ungauged basins (PUB) (Sivapalan et al., 2003; Hrachowitz et al., 2013) . The importance of the problem ranges from addressing the effect of climate change on flood frequency to predicting floods in ungauged basins, which remains a major challenge in hydrology. If we succeed in fully describing the relationship between the flood scaling parameters (i.e. α and θ) and the physical characteristics of the catchment and rainfall, the scaling theory of floods can be used to predict peak floods in ungauged basins. This is particularly important because it will enable us to continually update the scaling parameters without the need for historical peak discharge information as the land use, land cover, and rainfall characteristics change over time. To this end, few studies have been undertaken to investigate how the interaction of the network geometry, excess rainfall duration and depth, antecedent soil moisture, and channel and hillslope overland flow velocity control the flood scaling parameters (e.g. Ayalew et al., 2014a Ayalew et al., , b, 2015 Furey and Gupta, 2005; Gupta et al., 1996; Merz and Bloschl, 2003) .
A review of the literature indicates that past efforts have been focused on examining the physical connections that both the exponent and intercept have with the physical characteristics of the catchment and rainfall. In particular, much attention has been given to the exponent and much less, in comparison, to the intercept (Gupta et al., 1996; Gupta and Waymire, 1998; Mantilla et al., 2006; Mandapaka et al., 2009) . Our present study is inspired by a recent finding by Gleason and Smith (2014) , who proposed a framework that can be used for accurate estimation of river discharge from measurements of the flow width that is obtained from satellite images. At the core of their proposed methodology is the largely ignored empirical relationship between the intercepts and exponents of the hydraulic geometry power law equations first proposed by Leopold and Maddock (1953) . Specifically, their proposed streamflow measurement framework uses the observed at-manystations relationship between the intercept a and exponent b in the power law hydraulic geometry relation w = aQ b , where w is the river's flow width and Q is discharge. Stimulated by this finding, we investigate whether the log-linear relationship between the intercept α(e) and exponent θ(e) that is reported in Ayalew et al. (2015) can be used for peak flood prediction at any location in the basin.
We organise the rest of the paper as follows. In Sections Data sources and study area and Relationship between the intercept and exponent we discuss the data sources and study area as well as review the relationship between the intercept and exponent. In Section How the intercept can be predicted from observational data we present a methodology for predicting the intercept from peak floods observed in small-scale subbasin. Finally, in Section Peak flood prediction across scales: a demonstration we demonstrate how the relationship between the intercept and exponent can be used to predict peak floods at any location in the basin. We close with a summary of the main findings in Section Summary and conclusion.
Data sources and study area
The Iowa River basin, which is a tributary of the Mississippi River, serves as our study domain (Figure 1 ). The river has a drainage area of approximately 32 400 km 2 at its outlet in Wapello, Iowa (USGS gauge ID: 05465500). The basin is continuously monitored by 34 stream gauges that are maintained by the U.S. Geological Survey (USGS).
These stations monitor streamflow at the outlets of catchments whose drainage area ranges from 7 to 32 400 km 2 . Gupta et al. (2010) used peak floods observed during the historical June 2008 flood event (Mutel, 2010; Smith et al., 2013) and showed that the observed peak floods follow a strong power law relationship with drainage area. Ayalew et al. (2015) analysed single rainfall-runoff events that were observed in the basin between 2002 and 2013 and identified 52 peak flood events that also exhibit scaling invariance. They concluded that a scale-invariant spatial organisation of peak floods occurs when the entire river basin receives rainfall that is in excess of the soil moisture deficit over a time period that is equivalent to the maximum travel time of the basin. In this study, we use the same 52 rainfallrunoff events that were reported in Ayalew et al. (2015) . The resulting peak flood scaling plot for each of the 52 events is shown in Figure 2 . Moreover, the relative error of peak discharge estimation using Eqn (1) for each of the 52 events is shown in Figure 3 .
Relationship between the intercept and exponent Ayalew et al. (2015) investigated the relationship between the intercept and exponent using the 52 pairs of these parameters shown in Figure 2 . Their result, shown in Figure 4 , reveals that the exponent and the intercept exhibit a strong log-linear relationship. Their resulting linear regression model is summarised by the following equation
This relationship between the intercept and exponent is an important finding because it essentially reduces the problem of predicting floods in ungauged basins to a oneparameter estimation problem, i.e. the intercept from the physical characteristics of the catchment and rainfall. This is based on the assumption that the log-linear relationship between the intercept and the exponent is already available using either some physical reasoning or from the analysis of historical peak flood observations using the same procedure that Ayalew et al. (2015) used to arrive at Eqn (2). We postulate that we can use this log-linear relationship to predict floods at any location in the basin by only estimating the intercept from the physical characteristics of the catchment and rainfall that control the magnitude of peak discharges in small-scale subcatchments.
How the intercept can be predicted from observational data In the flood scaling relationship shown in Eqn (1), the intercept α(e) is equivalent to the expected value of peak floods observed at subcatchments that have a unit drainage area (Furey and Gupta, 2005) . This can be easily shown by setting the value of the drainage area in Eqn (1) to unity. Because of this, the intercept appears to be simpler to estimate than the exponent. To this end, we explored this concept to predict the intercept using peak floods observed at the smallest available gauged subcatchment in the Iowa River basin whose drainage area is 7 km 2 (USGS ID: 05464942). Using data from the 52 rainfall-runoff events shown in Figure 2 , we studied the relationship between the intercept and the peak flood observed at the 7 km 2 subcatchment in the basin. It can be seen in Figure 5 that there is a strong relationship between the intercept and the peak flood observed at the smallest gauged subcatchment in the basin. The following equation summarises the resulting linear regression model:
We conducted a series of statistical tests in order to validate the robustness of the regression model presented in Figure 3 The relative error of peak discharge estimation using the scaling Eqn (1) as a function of drainage area. The relative error is calculated as (E[Q e | A] − Q e )/Q e .
Eqn (3).
The test results show that the peak flood observed at the smallest subcatchments in the basin significantly predicted the intercept (P < 0.05). The residuals are also confirmed to be normally distributed through the inspection of their Q-Q plot and the Shapiro-Wilk test (W = 0.96 and P = 0.12). Similarly, we confirmed that the residuals have constant variance using the Breusch-Pagan test for homoscedasticity (BP = 0.02 and P = 0.88). Based on these results we can conclude that the regression model presented in Eqn (3) is robust. This shows that the intercept can be predicted from the peak flood that is observed in the smallest gauged subcatchments in the basin.
Peak flood prediction across scales: a demonstration
We now propose a flood prediction framework that is based on the scaling property of peak floods. We demonstrate the framework using four rainfall-runoff events that were observed in the Iowa River basin during the spring and summer of 2014. This period includes the flood event of June-July 2014, which is the third largest flood event recorded at the basin's outlet (USGS ID 05465500) since records began 113 years ago. We used the following procedure to estimate the expected value of peak floods across different spatial scales in the basin. First, we obtained the observed peak flood at the 7 km 2 subcatchment (USGS ID 05464942) that corresponds to the particular rainfall-runoff event. Second, we used the regression model presented in Eqn (3) to estimate the intercept from the observed peak flood at the 7 km 2 subcatchment. Third, we used the regression model presented in Eqn (2) to estimate the corresponding exponent from the intercept estimated in step two. Finally, we used the estimated exponent and intercept to predict the expected value of peak floods as a function of different drainage areas in the basin using Eq. (1).
The steps presented so far provide the estimate of the expected value of peak floods at any location in the basin for a given rainfall-runoff event. However, the data presented in Figure 2 shows that peak floods exhibit variability around their expected value that is shown as the black line in Figure 2 . This variability can be quantified using the generalised Horton Law for peak floods that was recently formulated by Gupta et al. (2015) . The interested reader can refer to Section V of Gupta et al. (2015) for further details.
The results presented in Figure 6 depict the comparison of the observed and predicted peak floods for the four rainfall-runoff events that occurred in the Iowa River basin in the spring and summer of 2014. The observed (α obs , θ obs ) and predicted (α pred , θ pred ) flood scaling parameters are also shown on each panel. Moreover, the grey circles depict the peak floods observed at the USGS stream gauge stations. The black solid lines represent the power law fitted to the observed peak floods. The blue line is the expected value of peak floods estimated using Eqns (2), (3), and (1). The red lines depict the 95% confidence interval over which peak floods naturally vary and are estimated using the generalised Horton law for peak floods in single rainfall-runoff events (Gupta et al., 2015) . Even though we can also compute the confidence intervals by propagating the uncertainty from Eqns (2) and (3), we opted to use the generalised Horton law for peak floods that is outlined in Gupta et al. (2015) because the uncertainty around the expected peak discharge at a given drainage area, i.e. E[Q |A], do not only come from the uncertainty in the estimation of the flood scaling parameters but also occurs naturally due to the difference in the drainage network geometry that subcatchments of comparable drainage area often exhibit as well as the difference in the rainfall patterns the subcatchments receive during single events. Ayalew and Krajewski (2017) recently demonstrated how catchments that have the same drainage area but different drainage network geometry can exhibit markedly different peak discharge magnitude at the scale of single rainfall-runoff events. The method outlined in Gupta et al. (2015) captures the natural variability of peak discharges at a given spatial scale due to the natural variability of the drainage network geometry and the spatial Figure 4 The log-linear relationship between the intercept and exponent. The ordinary least squares regression line is shown as a black solid line. Adapted with permission from Ayalew et al. (2015) . variability of rainfall from one subcatchment to another. The interested reader can refer to Gupta et al. (2015) for further details. It can be seen that the log-linear relationship between the intercept and exponent shown in Eqn (2) and the log-log relationship between the intercept and the peak flood that is observed in the smallest gauged subcatchments in the basin can be used in conjunction with the generalised Horton law for peak floods to reasonably predict peak floods at any location in the basin. Hence, this finding can be used to estimate peak floods in ungauged basins. Considering the fact that there is a delay between the time when peak floods are observed in small-scale subbasins and the time when peak floods are observed in large-scale basins, the flood prediction framework proposed in this study can also be used for short-term flood forecasting purposes. This finding also highlights the importance of having stream gauges on smaller streams in different parts of a large river basin.
Summary and conclusion
Using 52 rainfall-runoff events observed in the Iowa River basin over a 12-year period between 2002 and 2013, Ayalew et al. (2015) revealed an overlooked log-linear relationship between the exponent and intercept of the power law relationship that characterises the scaling invariance of peak floods with drainage area, which is often observed in nested watersheds following a basin wide rainfall event. This finding reduces the number of flood scaling parameters we need to infer from the physical characteristics of the catchment and rainfall in order to predict floods at any location in the basin using the scaling theory of floods. We demonstrated the potential application of the finding by formulating a framework that can be used to predict the expected value of peak floods at large basin scales using peak floods observed at the smallest gauged subcatchment in the basin.
Although in our proposed flood prediction framework, the peak flood scaling intercept is estimated from peak floods that are observed in the smallest gauged subcatchment in the basin, recent studies show that it can also be estimated from the physical characteristics of the catchment and rainfall (Ayalew et al., 2014a (Ayalew et al., , b, 2015 Gupta, 2005, 2007; Mandapaka et al., 2009; Mantilla et al., 2006; . Advances in this line of research will provide an alternative approach to estimate the intercept. This will enhance our capability to predict peak floods using rainfall forecasts at some lead time before the first peak flood in the smallest gauged subcatchment in the basin is observed without the need to run expensive numerical models. This later information, i.e. peak floods that occur in small-scale subcatchments of the basin within a few hours of the occurrence of the rain event due to the short catchment response time, can be used to refine the forecasted peak floods as the rainfall event unfolds in the basin.
Several interesting questions arise from this work. Are the parameters of the log-linear relationship between the Figure 6 Comparison of observed and predicated peak floods for rainfall-runoff events that were observed in the Iowa River basin in the spring and summer of 2014. Grey circles are observed peak floods, solid black line is the power law fitted to observation whose parameters are shown on the plot (α obs , θ obs ), the dotted blue line connects the expected value of peak floods that are calculated using the predicted flood scaling parameters (α pred , θ pred ), and the dotted red lines are the 95% confidence intervals estimated using the generalised Horton law for peak floods.
intercept and exponent universal? Or are they regional? If the latter is the case, can they be used for regionalization of flood frequencies? The hydrologic community is making progress in addressing some of these questions and it is our hope that our results will inspire many more studies that will contribute towards solving the grand hydrologic problem of PUB (Sivapalan et al., 2003; Hrachowitz et al., 2013) .
